ABSTRACT Gene-environment interaction (G3E) refers to the phenomenon that the same mutation has different phenotypic effects in different environments. Although quantitative trait loci (QTLs) exhibiting G3E have been reported, little is known about the general properties of G3E, and those of its underlying QTLs. Here, we use the genotypes of 1005 segregants from a cross between two Saccharomyces cerevisiae strains, and the growth rates of these segregants in 47 environments, to identify growth rate QTLs (gQTLs) in each environment, and QTLs that have different growth effects in each pair of environments (g3eQTLs) . The average number of g3eQTLs identified between two environments is 0.58 times the number of unique gQTLs identified in these environments, revealing a high abundance of G3E. Eighty-seven percent of g3eQTLs belong to gQTLs, supporting the practice of identifying g3eQTLs from gQTLs. Most g3eQTLs identified from gQTLs have concordant effects between environments, but, as the effect size of a mutation in one environment enlarges, the probability of antagonism in the other environment increases. Antagonistic g3eQTLs are enriched in dissimilar environments. Relative to gQTLs, g3eQTLs tend to occur at intronic and synonymous sites. The gene ontology (GO) distributions of gQTLs and g3eQTLs are significantly different, as are those of antagonistic and concordant g3eQTLs. Simulations based on the yeast data showed that ignoring G3E causes substantial missing heritability. Together, our findings reveal the genomic architecture of G3E in yeast growth, and demonstrate the importance of G3E in explaining phenotypic variation and missing heritability.
G ENE-ENVIRONMENT interaction (G3E) refers to the observation that the same mutation has different phenotypic effects on a trait in different environments (Ottman 1996) . G3E is believed to be ubiquitous among all organisms, and has long been studied in domestic animals and plants, genetic model organisms, and humans. In humans, G3E has been implicated in cancer (Thorgeirsson et al. 2008) , inflammatory disorder (Chamaillard et al. 2003) , immune system diseases (Padyukov et al. 2004) , and mental disorders (Risch et al. 2009; Byrd and Manuck 2014; Luck et al. 2014) . Investigating G3E can help identify the causal pathways of a trait (Gagneur et al. 2013) , dissect genetic tradeoffs (Qian et al. 2012) , understand environmental adaptations (Ostrowski et al. 2005) , and reveal a potential cause of "missing heritability" (Manolio et al. 2009; Eichler et al. 2010) .
G3E studies can be generally divided into two types on the basis of the approach used: forward genetics and reverse genetics. In forward genetics, genes or quantitative trait loci (QTLs) that show significantly different phenotypic effects in different environments are identified via linkage or association mapping. In reverse genetics, a mutant carrying a known mutation such as a gene deletion or a point mutation is compared with the wild-type for the trait of interest under two environments, and G3E is detected when the mutational effect on the trait differs significantly in the two environments. For example, Qian and colleagues measured the fitness effects of single gene deletions in yeast for nearly 5000 nonessential genes in six different environments, and identified many antagonistic G3E cases where deleting a gene is deleterious in one environment but beneficial in another (Qian et al. 2012) . Although such systematic reverse genetic studies can provide a broad picture of G3E, to date they are limited to gene deletions (Dudley et al. 2005; Brown et al. 2006; Hillenmeyer et al. 2008; Qian et al. 2012) , which constitute a special group of mutations. In theory, the reverse genetic approach can also be applied to all natural genetic polymorphisms, but studies of this sort are universally small in scale (Ostrowski et al. 2005; Gerke et al. 2010; Dillon et al. 2016) , and thus do not offer an overview of G3E for natural genetic polymorphisms. By contrast, large forward genetic analysis in principle allows deciphering general properties of G3E for natural genetic variants.
Many recent forward genetic studies of G3E in humans are driven by the idea of personalized medicine, and focus on finding candidate genes and environmental factors that interact in influencing disease, drug response, or behavior (Caspi et al. 2002 Hood et al. 2004; Kendler et al. 2012; Byrd and Manuck 2014; Luck et al. 2014) . Although a number of genes have been reported to interact with environmental factors, the reproducibility of these genome-wide association study (GWAS) results tends to be low (Hunter 2005; Duncan and Keller 2011) , and one likely reason is that environmental factors are hard to control in human studies. The power to detect genetic variants that interact with environments is generally lower than the power to detect genetic variants that have effects in one environment. Furthermore, the detection of interaction is affected by how interaction is measured (Duncan and Keller 2011) , because the null hypothesis of no interaction may be based on an additivity or multiplicity assumption. That is, if the phenotypes of two genotypes are A1 and B1 in environment 1 and A2 and B2 in environment 2, respectively, the null hypothesis of no G3E under additivity is A12B1 = A22B2, whereas that under multiplicity is A1/B1 = A2/B2. In model organisms such as the mouse Mus musculus and fly Drosophila melanogaster, recombinant inbred lines established from a cross between two parental lines are typically used to identify G3E QTLs via linkage mapping (Fry et al. 1998; Ungerer et al. 2003; Li et al. 2006; Flint and Mackay 2009; Gerke et al. 2010; El-Soda et al. 2014; Matsui and Ehrenreich 2016) . Generally speaking, environments are better controlled, detection power is higher, and the detected interactions are more readily verifiable in model organism studies, compared with human studies.
Although the abundance of G3E has been demonstrated in various model organisms, there has been no systematic study of the genomic and functional distributions of G3E QTLs. Furthermore, it is unknown whether G3E is mostly antagonistic (i.e., the same allele has opposite phenotypic effects in two environments) or concordant among natural genetic polymorphisms. It is also unclear how much ignoring G3E impacts the identification of QTLs underlying natural phenotypic variations among individuals that cannot possibly have identical environments. Methodologically, some human studies identify G3E by directly testing if genes with known effects in one environment have different effects in another environment (Caspi et al. 2003) , instead of testing all genetic variants by GWAS. Although the former approach has been criticized to have publication bias, low statistical power, and high false discovery rates when compared with GWAS (Duncan and Keller 2011) , some authors consider it to be more replicable and superior for finding causal genes Uher 2014 ). Which of the two methods performs better depends on the probability that an influential mutation in one environment has a different effect in another environment. It also depends on the probability that a G3E QTL between two environments has detectable effects in at least one of the environments. But neither of these probabilities is currently known. Here, we address all these questions using a recently published dataset of the budding yeast Saccharomyces cerevisiae, which includes the genome sequences, and the growth rates in 47 environments, of 1005 haploid segregants produced by the F1 resulting from a cross between strains BY and RM (Bloom et al. 2013) . BY is derived from the commonly used laboratory strain S288c, whereas RM is derived from the vineyard strain RM11-1a. The 47 growth environments varied in temperature, pH, carbon source, metal ions, and small molecules (Bloom et al. 2013) . The growth rate of each segregant was measured by the mean end-point colony radius on agar plates. Although a more recently published dataset (Bloom et al. 2015) contained 4390 segregants from the same F1, only 21 environments were examined. We thus focused on the earlier data, which include more environments, and hence better suit the study of G3E. We analyzed the later data (Bloom et al. 2015) , only to verify the key findings from the earlier data. Note that several yeast studies mapped growth rate QTLs in each of an array of environments (Cubillos et al. 2011; Ehrenreich et al. 2012; Bloom et al. 2013; Wilkening et al. 2014) , or mapped plasticity QTLs across environments (Yadav et al. 2016) , but these studies either treated growth rates in different environments as different traits, or treated growth rate variance among environments as a phenotypic trait. Hence, yeast G3E in growth rate has not been studied.
Materials and Methods

Genotype and phenotype data
We acquired from the Kruglyak laboratory the genotype data of 1040 segregants from a cross between the BY and RM strains of S. cerevisiae, including a total of 28,220 single nucleotide polymorphisms (SNPs) mapped to the reference genome sequence R64-1-1 (Bloom et al. 2013) . We similarly obtained the average end-point colony radius of each segregant in each of the 47 environments (Bloom et al. 2013) . After requiring each segregant to have both genotype data and phenotype data in at least one environment, we retained 1005 qualified segregants for subsequent analysis. Narrowsense heritability data were from the Supplemental Materials of the original publication (Bloom et al. 2013) . We also acquired the genotype and phenotype data from a follow-up study (Bloom et al. 2015) ,where the growth rates of 4390 segregants from the same cross were similarly measured in 21 of the original 47 environments. We downloaded the cDNA sequences, genome annotations, GO terms, and GO domains from Ensembl biomart for reference R64-1-1, and used Matlab scripts for all enrichment tests.
Mapping growth rate QTLs (gQTLs) in an environment
We started the first round of gQTL mapping using the filtered growth rates as the phenotype. The filtered growth rate of a segregant is its colony radius after 48 hr growth on agar plates averaged between two replicates, followed by a series of data filtering and correction by the original authors (Bloom et al. 2013) . Given an environment, for each SNP, we compared the growth rates between the two groups of segregants that carry the alternative alleles, using a t-test. We converted P-values to Q-values (Storey and Tibshirani 2003) . A stringent Q-value of 0.005 was used as the cutoff for statistical significance, on the basis of the simulation described below. On each chromosome, we chose the SNP with the lowest Q-value. Sometimes, a chromosome carried multiple SNPs with exactly the same minimal Q-values; these were always adjacent SNPs (i.e., with no intervening SNP), and the middle SNP was chosen. We combined all chosen SNPs from all chromosomes to fit the linear model Y = b 0 + bX + e, where Y is a vector of the growth rates of all segregants, b 0 is the fitted population mean growth rate, b is a vector of gQTL effect sizes, e is an error vector, and X is a matrix of genotypes (number of segregants 3 number of gQTLs). If the allele at a SNP is from BY, the corresponding element in X is 21; otherwise, it is 1. We estimated b, growth rate residuals, and t-statistics from regression using the embedded Matlab function LinearModel. A SNP is removed if its contribution in the linear model is not significant at P = 0.05 by a t-test. We then used all remaining SNPs to fit a linear model and calculated the growth rate residuals.
We started the second round of gQTL mapping using the growth rate residuals as phenotypes, following the procedure described above. We then combined the SNPs identified from the first two cycles to fit a linear model, removed SNPs with insignificant contribution to the linear model, and calculated growth rate residuals using the remaining SNPs. This process was repeated until no more SNPs were added in a cycle of gQTL mapping. In all environments, four or fewer cycles were needed. That is, each chromosome has at most three gQTLs identified in an environment.
Mapping growth rate by environment interaction QTLs (g3eQTLs) in each pair of environments
The 47 environments form 1081 pairs. We first used the identified gQTLs to test G3E (class I g3eQTLs). That is, for a given environment pair, and a gQTL identified from one or both of these two environments, we used a genotype's growth rate difference between the two environments as its phenotype, and then used a t-test to compare the phenotypes of the groups of genotypes with alternative alleles at the gQTL. P = 0.05 from a t-test was used to determine whether significant G3E is present for the gQTL; simulation results suggested no need for multiple-testing correction here. Given that on average only 10.3 gQTLs were mapped per environment, we assumed that any two gQTLs that are identified from different environments and lie within 7500 nucleotides of each other (corresponding to the average distance spanned by 4 genes) have the same underlying causal genetic variant. In such cases, we tested the middle SNP between the two gQTLs for G3E. The justification of the above assumption is as follows: if the gQTLs from two environments are independent from each other, and are randomly distributed across the genome, the probability that a gQTL identified in one environment is within 7500 nucleotides of a gQTL identified in the other environment is 1.3%. In fact, an average of 11.0% of gQTLs identified in one environment are within 7500 nucleotides from a gQTL identified in the other environment, suggesting that the vast majority of gQTLs within 7500 nucleotides from each other are not independent, but share the same causal mutation.
For each environment pair, we also mapped class II g3eQTLs by considering all SNPs. The method used was the same as mapping gQTLs in an environment, except that growth rate differences between two environments instead of growth rates in one environment were used as phenotypes. We first calculated the difference in end-point colony radius between the two environments for each segregant that has the colony radius measures in both environments, and then followed the same procedure as gQTL mapping to identify class II g3eQTLs. We similarly terminated the search when no more SNPs were added to the model. A Q-value of 0.005 was used as the cutoff for statistical significance, on the basis of the simulation described below. We counted class II g3eQTLs mapped on chromosomes with no gQTL from either environment. We focused on these chromosomes, because it would otherwise be unclear if class I and class II g3eQTLs reflect the same causal SNPs, owing to strong linkage of SNPs within a chromosome. From the number of class II g3eQTLs on these chromosomes, we extrapolated the number of class II g3eQTLs in the entire genome on the basis of the relative sizes of the chromosomes, under the assumption that class II g3eQTLs are evenly distributed across the genome. Extrapolated class II g3eQTLs were used only to estimate the g3eQTLs missed by class I g3eQTL mapping.
Computer simulation for determining the Qvalue cutoff
We converted P-values to Q-values according to the method of Storey and Tibshirani (2003) , because it is in theory 1000 times faster than obtaining Q-values from the permutation test used in the original analysis of this dataset (Bloom et al. 2013) . We used computer simulation to compare the performance of our method with the one previously used (Bloom et al. 2013) in order to choose a proper Q-value cutoff. To save computational time, we simulated three chromosomes instead of all 16 chromosomes in the yeast genome, using parameters appropriate for average-size yeast chromosomes. Each simulated chromosome carried 1500 SNPs, and two recombination events were randomly allocated per chromosome in each segregant on the basis of 90.5 crossovers per yeast meiosis (Mancera et al. 2008) . We randomly assigned three SNPs that are .30 SNPs away from one another to be gQTLs. Phenotypic noise is simulated using the standard normal distribution. In the first simulation, each of the three gQTLs has an effect size = 1, and one of the two alleles at a gQTL is randomly picked to be the fitter allele. The narrow-sense heritability h 2 = 3 3 1 2 /(3 3 1 2 + 1) = 0.75. In the second and third simulations, we used the effect size of 0.75 and 0.5, respectively, corresponding to h 2 = 0.63 and 0.43, respectively. These h 2 values match approximately the observed h 2 values in our data. Each simulation generated 1000 segregants. We then mapped gQTLs using different Storey and Tibshirani Q-value cutoffs (0.05, 0.02, 0.01, 0.005, 0.002, and 0.001) in our method, and compared our results with those of Bloom et al. (2013) that were based on the permutation Q-value of 0.05. The false discovery and false negative rates were estimated for both methods. We found that, for both methods, the false discovery rates were greater than the rate the Q-values suggested, but false negative rates were negligibly small. The false discovery rates of our method under Q-values of 0.01 and 0.005 were comparable to those derived from the method of Bloom et al. (2003) . We thus chose the more stringent Q-value cutoff of 0.005 in our mapping.
We also simulated an environment pair with the parameters used above. That is, three gQTLs existed in each environment, but they had no effect in the other environment. We then mapped gQTLs with a Q-value cutoff of 0.005, followed by class I g3eQTLs mapping with a P-value cutoff of 0.05. The results obtained are presented in Supplemental Material, Table S1 . Because our detection of gQTLs had very low false negative rates (Table S1) , we were not able to study the performance of identifying class II g3eQTLs by our simulation. One type of gQTLs not considered in the above simulation is those that have the same effects in two environments. Such gQTLs could be erroneously identified as g3eQTLs. To examine the probability of this error, we simulated three gQTLs with the same effects in two environments. We found that this type of false positive error hardly increases the overall false discovery rate of g3eQTLs, and therefore we did not include it in Table S1 .
Data availability
All yeast genotype and phenotype data were previously published (Bloom et al. 2013 (Bloom et al. , 2015 . The authors state that all data necessary for confirming the conclusions presented in the article are represented fully within the article.
Results
Identification of QTLs that interact with environments
Because we aimed to identify G3E in all 47 3 46/2 = 1081 environment pairs, a computationally efficient mapping method was needed. To this end, we developed a customized rapid QTL mapping method with a false discovery rate comparable to that of a previous method (Bloom et al. 2013) , and validated its performance by computer simulation (Table S1 ; see Materials and Methods). With the new method, we first identified QTLs underlying the among-segregant growth rate variation in each environment using the genotype and phenotype data of the 1005 segregants. The identified QTLs are denoted as gQTLs, where "g" stands for growth rate. We were able to identify gQTLs in 45 of the 47 environments (File S1). The number of gQTLs ranges from 0 to 22 across the 47 environments, with the mean =10.3. We calculated the similarity between two environments by the across-segregant rank correlation between growth rates in the two environments. The higher the similarity between two environments, the smaller the difference in the number of gQTLs mapped in these environments (Spearman's r = 20.26, P , 10 217 ).
We then attempted to identify loci exhibiting G3E (g3eQTLs) for each of the 1081 environment pairs. We used the gQTLs identified from each of the two environments under consideration, and tested if a gQTL has significantly different effects in the two environments. This approach is based on the premise that a g3eQTL should have a phenotypic effect (though not necessarily significant) in at least one of the two environments compared. We used this approach rather than directly testing each SNP for G3E, because the former is expected to have a higher signal to noise ratio such that the identified g3eQTLs are more likely to be genuine. This expectation was confirmed by computer simulation. Specifically, the false discovery rate was lower and the identified g3eQTLs were closer to the causal SNPs when comparing our approach with directly testing all SNPs for G3E (Table S1 and Table S2 ; see Materials and Methods). Nevertheless, if the phenotypic effects of a locus in two environments are both small, the locus may be detected as a gQTL in neither environment. Thus, even if the locus has a significant G3E effect, it may be missed by our approach. To rectify this problem, we also directly mapped G3E for all SNPs, but considered only those that are on chromosomes where no gQTL in the relevant environments was found by the first approach (see Materials and Methods). We focused on these chromosomes because it would otherwise be unclear if g3eQTLs identified by the two approaches reflect the same causal SNPs, owing to strong linkage of SNPs within a chromosome, and because the performance in detecting g3eQTLs is better for the first approach than the second approach. The g3eQTLs identified by the two approaches are referred to as class I and class II g3eQTLs, respectively. Considering the total length of chromosomes where class II g3eQTLs are considered and the total length of all yeast chromosomes, we extrapolated the expected number of class II g3eQTLs for the entire genome from that of the considered ones. They are respectively referred to as the extrapolated number and the observed number of class II g3eQTLs.
Class I g3eQTLs outnumber class II g3eQTLs
As an example, let us examine the gQTLs identified under two environments: hydrogen peroxide (HydPer) medium and indoleacetic acid (IndAci) medium, as well as the g3eQTLs identified for this pair of environments ( Figure 1A ). Nine gQTLs were identified in HydPer and 13 in IndAci. The RM allele is fitter than the BY allele at 13 gQTLs, while the opposite is true at the other nine gQTLs. We identified eight class I g3eQTLs and observed one class II g3eQTL. Some clear examples of various types of G3E, not necessarily from the above environment pair, are shown in Figure 1 , B-F. In these examples, g3eQTLs are found on chromosomes with, at most, one mapped gQTL, so the difference in mean growth rate between genotypes of alternative alleles likely represents primarily the g3eQTL effect without influences from linked gQTLs. For instance, Figure 1B shows a gQTL identified from both 5-fluorouracil (5FluUra) and calcium chloride (CalChl) but with alternative fitter alleles. Not surprisingly, it is a class I antagonistic g3eQTL (i.e., the effects of an allele in the two environments are of opposite direction). Figure 1C shows a gQTL identified from both 5FluUra and Xylose. Although the RM allele is the fitter allele in both environments, the effect size differs; this gQTL is thus a concordant class I g3eQTL (i.e., the effects of an allele in the two environments are of the same direction). Figure 1D shows a gQTL identified in only one of the two environments [lithium chloride (LitChl)], and it is a class I antagonistic g3eQTL. Figure 1E shows a gQTL identified in 5FluUra but not in 5-fluorocytosine (5FluCyt), and it does not have a significant G3E effect between the two environments. Figure 1F shows a locus that is not a gQTL in either 5FluCyt or HydPer, but is a class II g3eQTL.
The numbers of gQTLs, class I g3eQTLs, and observed class II g3eQTLs found in each 3 cM (7500-nucleotide or four-gene) segment along the yeast genome for all environments and environment pairs considered are presented in Figure 2 . The total number of gQTLs identified from 47 environments in a 3 cM segment ranges from 0 to 17 (Figure 2A ). The number of class I g3eQTLs from all environment pairs in a 3 cM segment ranges from 0 to 374 ( Figure 2B ), while the corresponding number of observed class II g3eQTLs ranges from 0 to 13 ( Figure 2C ). The numbers of gQTLs and class I g3eQTLs across 3 cM segments are highly correlated (Pearson's r = 0.901, P , 10 2250 ), while those of gQTLs and class II g3eQTLs are distinct (r = 0.011, P = 0.67) (Figure 2 ). On average, there are 9.2 class I g3eQTLs, but only 0.37 observed class II g3eQTLs per environment pair, the former being significantly greater than the latter (P , 10 2250 ). The same trend was observed when extrapolated instead of observed class II g3eQTLs were considered (P , 10 2161 ). We tested three genes (HAP1, MKT1, and IRA2) that accounted for much of the deviation from null in a previous gene expression G3E study of the same strain pair between glucose and ethanol environments (Smith and Kruglyak 2008) . Interestingly, these genes locate in 3 cM segments frequently harboring gQTLs and class I g3eQTLs in our study as well. Specifically, IRA2, encoding a GTPase-activating protein that modulates the metaphase to anaphase transition during yeast mitosis (Luo et al. 2014) , overlaps with the segment that has the highest numbers of gQTLs and class I g3eQTLs among all segments (Figure 2 ). All class I g3eQTLs mapped are listed in File S2.
For each environment pair, we computed the ratio between the number of class I g3eQTLs and the total number of unique gQTLs (i.e., shared gQTLs between the environments are counted only once) identified ( Figure 3A) . The ratio averages 0.45 across all environment pairs. Many human studies tested G3E by considering candidate genes that are previously known or predicted to have effects in at least one of the environments compared (Duncan and Keller 2011) . Across environment pairs in our data, on average 87% of all g3eQTLs (i.e., class I g3eQTLs plus extrapolated class II g3eQTLs) are class I (Figure 3B ), supporting the validity of this practice. The number of g3eQTLs for a pair of environments is, on average, 0.58 times the total number of unique gQTLs in these environments ( Figure 3C ), indicating the high abundance of G3E.
Antagonistic G3E is uncommon
Previous case studies in Escherichia coli, D. melanogaster, and Arabidopsis thaliana suggested the scarcity of antagonistic Figure 1 Examples of gQTLs and g3eQTLs. (A) Genomic distributions of detected gQTLs in HydPer and IndAci, and g3eQTLs between the two environments. The effect size of a gQTL under the environment where it is identified is shown on the Y-axis, while its genomic position is shown on the X-axis. A class I g3eQTL is circled at the triangle if it is a gQTL only in HydPer, and circled at the star if it is a gQTL only in IndAci, but is circled on the X-axis if it is a gQTL in both environments. Observed class II g3eQTLs are indicated on the X-axis. G3E involving natural genetic polymorphisms (Fry et al. 1998; El-Soda et al. 2014; Dillon et al. 2016) , but the numbers of cases were all small, and thus the generality of these observations is unclear. The large collection of yeast data analyzed here appears to show the same pattern. A g3eQTL is considered antagonistic between two environments if the BY allele is fitter than the RM allele in one environment, while the RM allele is fitter than the BY allele in the other environment, even if the difference is statistically significant in neither environment. Otherwise, the g3eQTL is considered concordant between the two environments. Thus, purely by chance, we would expect a g3eQTL to be equally likely to be antagonistic and concordant. However, on average only 28% of class I g3eQTLs are antagonistic, significantly lower than the null expectation (P , 10 2250 , binomial test; Figure 4A ). Among the observed class II g3eQTLs, 94% are antagonistic, which is not unexpected, because a concordant g3eQTL should have a significant effect in at least one of the environments, and thus is unlikely to be of class II. Because class I g3eQTLs substantially outnumber class II g3eQTLs (Figure 2) , only 37% of all g3eQTLs are antagonistic (P , 10 2171 , binomial test), under the assumption that antagonism is equally frequent among the observed and extrapolated class II g3eQTLs.
Large-effect QTLs are more likely than small-effect QTLs to be antagonistic A previous study of yeast gene deletions identified many antagonisms between environments (Qian et al. 2012) , seemingly contrasting the scarcity of antagonism of natural polymorphisms surveyed in the present study. Because gene deletions should, on average, have larger phenotypic effects than natural polymorphisms, a potential explanation of the disparity in the frequency of antagonism may be that largeeffect mutations are more likely than small-effect mutations to be antagonistic. To directly test this hypothesis, for each gQTL, we counted the number of environments where its effect is opposite to the effect in the environment where the gQTL was detected. Indeed, the larger the effect of a gQTL, the higher the likelihood that it has an antagonistic effect in another environment (r = 0.14, P , 10 24 ; Figure 4B ).
Prevalence of antagonism varies among environments
To study whether antagonism is enriched in certain environments, for each pair of environments, we calculated the fraction of class I g3eQTLs that are antagonistic. If this fraction is 0, we say that this pair of environments is nonantagonistic to each other. Similarly, if this fraction $0.5, these two environments are highly antagonistic to each other. We counted the number of times that each environment is said to be nonantagonistic, and the number of times that it is said to be highly antagonistic to another environment. We then computed the mean number of times that an environment is nonantagonistic, and the mean number of times that an environment is highly antagonistic. Environments showing $2 times the mean number of nonantagonism are galactose, caffeine, 4-hydroxybenzaldehyde, calcium chloride, mannose, menadione, and YNB ( Figure 4C ), whereas those exhibiting $2 times the mean number of high antagonism are cadmium chloride, copper, hydrogen peroxide, and cycloheximide (Figure 4D) . A potential explanation of the among-environment variation in the prevalence of antagonism is that antagonisms may have been resolved by natural selection in commonly encountered environments, but not in rarely encountered environments (Qian et al. 2012) . However, to what extent the environments in Figure 4C are more common than the environments in Figure 4D is unknown, due to the paucity of ecological information for yeast. Another possibility, not mutually exclusive with the above, is that some environments are more dissimilar to other environments, and hence exhibit more antagonism. In support of the latter hypothesis, the fraction of antagonistic class I g3eQTLs between two environments negatively correlates with their environment similarity (r = 20.61, P , 10 2110 ). 
Distributions of gQTLs and g3eQTLs across the genome
To understand the molecular basis of G3E, we first categorized all 28,220 SNPs between BY and RM strains into coding SNPs, intronic SNPs, and intergenic SNPs. We merged gQTLs from all environments, and merged class I g3eQTLs from all environment pairs. A gQTL or g3eQTL was counted as many times as it appears in the merged list. Table 1 summarizes the results of enrichment tests for each genomic category. Compared with all SNPs, gQTLs are not significantly different in frequency distribution among coding, intronic, and intergenic regions (Table 1) . Relative to gQTLs, class I g3eQTLs are twofold more likely to be in introns (P = 2.2 3 10 27 ; Table 1 ), suggesting that yeast introns are more important in regulating environment-dependent growth rates than environment-independent growth rates.
We also analyzed the distributions of gQTLs and g3eQTLs among synonymous, nonsynonymous, and nonsense SNPs within coding regions. A synonymous SNP does not alter the amino acid encoded by the codon where the SNP resides, whereas a nonsynonymous SNP alters the amino acid. A nonsense SNP changes a sense codon in one strain to a stop codon in another. Relative to all SNPs, gQTLs are more likely to occur at nonsynonymous SNPs (1.125-fold, P = 0.03), and are less likely to occur at synonymous SNPs (0.896-fold, P = 0.02). This observation is not unexpected, because nonsynonymous mutations are more likely than synonymous mutations to have phenotypic effects. Relative to gQTLs, g3eQTLs are more likely to occur at synonymous SNPs (1.070-fold, P = 9.6 3 10 29 ), but are less likely to occur at nonsynonymous (0.935-fold, P = 2.5 3 10 27 ) and nonsense (0.826-fold, P = 0.0265) SNPs, suggesting that nonsynonymous and nonsense mutations tend to have universal rather than environment-specific growth effects, when compared with synonymous mutations. Among all g3eQTLs, we analyzed only class I g3eQTLs here, because the number of class II g3eQTLs is small, and because our simulation (Table  S1) showed that mapping is less precise for class II g3eQTLs.
Note that, because the gQTLs and g3eQTLs identified may not be causal SNPs but are simply linked with causal SNPs, the above analysis has a lower statistical power than when causal SNPs are used in the analysis. In our simulation, .31% of gQTLs and .29% of class I g3eQTLs are mapped to causal SNPs (Table S1 ), suggesting that a sizable proportion of mapped sites are causal, explaining why our test is not entirely powerless. Thus, the significant results obtained are likely to be genuine, and the conclusions conservative.
Different GO distributions of gQTLs and g3eQTLs
GO annotation is organized into three domains: cellular component, molecular function, and biological process (Ashburner et al. 2000) . Each domain contains many GO terms, which may be a word or string of words related to gene function. A gene is annotated for all three domains and one to many terms in each domain, on the basis of its product and function. We examined the enrichment of gQTLs and g3eQTLs for GO domains and terms ( Table 2 ). Note that intergenic SNPs were assigned to their closest genes. We compared gQTLs to the background of all SNPs, and compared class I g3eQTLs to the background of all gQTLs, using binomial tests followed by Bonferroni corrections with a corrected P = 0.05 as the cutoff. Compared with all SNPs, gQTLs are not enriched in any GO domain, but are significantly enriched in 24 GO terms (File S3). gQTLs are not underrepresented in any GO domain or GO term. These results suggest that gQTLs are overall annotated with more functions than average SNPs. Relative to gQTLs, class I g3eQTLs are enriched in the GO domain cellular component (P = 0.028), suggesting that proteins encoded by g3eQTLs have relatively more locations in the cell, or are relatively better annotated for cellular component. Class I g3eQTLs are significantly underrepresented in biological process (P = 4.2 3 10 26 ) and molecular function (P = 3 3 10 26 ), when compared with gQTLs. Strikingly, of the 848 GO terms that contain at least one gQTL, g3eQTLs are enriched in 137 of them, and are underrepresented in 139 (File S3). Of the GO terms enriched in gQTLs, four terms are further enriched in g3eQTLs (Table 2) , and four are underrepresented. Thus, the functional distributions of gQTLs and class I g3eQTLs are quite different, despite the fact that the latter constitutes a large subset of the former. One potential bias in the above GO enrichment analysis of gQTLs is that SNPs are not distributed evenly along genes and chromosomes. To rectify this problem, we also tested GO enrichment of gQTLs against all genes, instead of all SNPs, by assigning each gQTL to its closest gene. The enriched GO terms (File S4), however, remained largely the same.
Antagonistic and concordant g3eQTLs have different genomic and functional enrichments
Comparing antagonistic and concordant class I g3eQTLs, we found no significant difference in their frequency distributions among coding, intronic, and intergenic regions (Table  3) . However, within coding regions, antagonistic g3eQTLs are enriched at synonymous (P = 9.7 3 10 29 , chi-squared test) and nonsense SNPs (P = 2.7 3 10 27 ), but underrepresented at nonsynonymous SNPs (P = 7.6 3 10 213 ), when compared with concordant g3eQTLs.
Antagonistic and concordant g3eQTLs show significantly different enrichments for two GO domains, biological process (adjusted P = 4.2 3 10 24 , chi-squared test; File S5), and cellular component (adjusted P = 1.4 3 10 26 ). They are also significantly different in 187 of 907 GO terms that have at least one occurrence in class I g3eQTLs (File S5). Interestingly, two (ribosomal small subunit biogenesis and 90S preribosome) of the five GO terms significantly enriched in both gQTLs and g3eQTLs are the top two terms that differ significantly between antagonistic and concordant g3eQTLs; they each occur 325 times in concordant g3eQTLs but 0 times in antagonistic g3eQTLs. This result suggests that, although differences in translation underlie g3eQTLs, these differences mostly have concordant G3E effects.
Ignoring G3E causes missing heritability "Missing heritability" refers to the gap between the phenotypic variance explained by GWAS results and those estimated from classical heritability methods (Zaitlen and Kraft 2012) , and is a prominent problem in the study of human complex traits that has attracted much attention (Manolio et al. 2009; Eichler et al. 2010) . G3E has been proposed as a potential cause for the missing heritability problem (Manolio et al. 2009; Eichler et al. 2010) . Because heritability is classically estimated from relatives such as by comparing monozygotic (MZ) and dizygotic (DZ) twins, the effect of environmental heterogeneity for a twin is canceled in the comparison between MZ and DZ twins, and has no effect on the heritability estimate. However, in human GWAS, the environmental effect and G3E effect are rarely controlled, which could lower the power in identifying the underlying genetic variants, and render the estimation of effect size inaccurate. To quantitatively evaluate the contribution of ignoring G3E to the missing heritability problem, we conducted a simulation using the yeast data. That is, for one half of the segregants, we used their phenotypes measured in one environment, but for the other half of the segregants, we used their phenotypes measured in another environment. We then attempted to identify gQTLs as if all segregants were phenotyped in the same environment. We did this simulation for 100 random pairs of environments. An example is provided in Figure 5A , where the phenotype data are from YNB at 30°and YPD at 37°. Ten and eight gQTLs were identified from 1005 segregants in YNB and YPD, respectively, but only two gQTLs were identified from the mixture of the phenotype data of 502 segregants in YNB and 503 segregants in YPD, although these two gQTLs are a subset of the 18 gQTLs identified from the individual environments. When the phenotype data of the 1005 segregants are all from either YNB or YPD but not both, the identified gQTLs together can explain, on average, 54% of the total phenotypic variance observed among the segregants. This number reduces to 26% when the mixed phenotype data are used (green dots in Figure 5A ). To distinguish between the environmental effect and G3E effect on gQTL identification, we conducted another analysis, in which the phenotypic value of a segregant in an environment is defined by the difference between its raw phenotypic value and the mean phenotypic value of all segregants in that environment. We then mixed these normalized phenotypic values from two environments to identify gQTLs. We found that such normalization improves gQTL identification, because the number of gQTLs identified rises to six, although this number is still smaller than when homogenous data are used. The total variance of normalized phenotypes explained rises to 42%. The remaining difference between this result (light salmon symbols in Figure 5A ) and the original result (blue and red symbols in Figure 5A ) is attributable to G3E. On average, across the 100 random pairs of environments, the identified gQTLs explain 40% of the total phenotypic variance among segregants under one environment. When mixed phenotypic data from two environments are used, this number drops to 10% ( Figure 5B ). When phenotypic data are normalized by the mean phenotypic value of the environment, the fraction of phenotypic variance explained is 23% ( Figure 5B ). Hence, in this dataset, environmental effects and G3E effects have similar amounts of contribution to missing heritability. We also conducted 100 simulations where the phenotype data are generated from 5 and 10 environments, respectively. As the number of environments increases, the amount of missing heritability rises, the contribution of G3E to missing heritability increases, and the contribution of environmental effects decreases ( Figure 5B ).
We further calculated the distances between the gQTLs identified using the mixed phenotypes from two environments, and the nearest gQTLs identified using phenotypes from individual environments for all 100 random pairs of environments ( Figure 5C ). We found that, although noise is larger in mixed environments, the identified sites are generally closely linked to the gQTLs identified from individual environments. This is true both with and without controlling the environmental effect. What types of gQTLs are underdetected using mixed phenotype data? On the basis of the same 100 pairs of environments examined, we found that, on average, 23.6% of gQTLs having the same direction of effect in the two environments, and 12.7% of gQTLs having opposite directions of effect were detected using the mixed data, when the environmental effect is uncontrolled (P = 7.1 3 10 214 , t-test of equal probability of detection for the two groups of gQTLs). These numbers increase to 52.0 and 33.8%, respectively, upon the control of the environmental effect (P , 8.5 3 10 26 ). Thus, while all gQTLs are underdetected using mixed phenotype data, those with opposite effects in the two environments suffer more than those with the same direction of effect.
In human GWAS, larger and larger samples are being used, despite the fact that enlarging samples likely increases the environmental heterogeneity of the sample. To study this effect, we merged the phenotype data from all 47 environments, resulting in a sample of 42,781 individuals; this number is , 47 3 1005 = 47,325 because not all 1005 individuals had growth data in all 47 environments. Using this very large sample, we were able to map 21 gQTLs-more than the number of gQTLs mapped individually in 46 of the 47 environments. Some of the mapped gQTLs overlapped with the gQTLs frequently identified in individual environments ( Figure S1 ), suggesting that using large samples in GWAS might help identify influential loci that have effects in multiple environments. Nevertheless, the fraction of phenotypic variance explained by all mapped sites is only 2.5%, similar to that when a sample of 1005 segregants, each fifth originating from a different environment, is used, and much lower than that when a sample of 1005 segregants from the same environment is used ( Figure  5B ). Clearly, the missing heritability problem worsens when enlarging samples also increases environmental heterogeneity.
Discussion
We conducted a systematic analysis of interaction between natural genetic variants and environments in yeast growth, and identified numerous g3eQTLs. The average number of g3eQTLs identified between two environments is 0.58 times the number of unique gQTLs identified in the two environments, indicating a high abundance of G3E. It is debated whether testing all SNPs, or testing only those with effects in at least one of the environments concerned, is more suitable for G3E detection (Duncan and Keller 2011; Uher 2014) . Our computer simulation showed that using the latter approach has the benefit of lowering the false discovery rate and increasing the chance of finding causal variants. Although our simulation also indicated that the latter approach has a higher false negative rate than the former approach, our yeast data analysis found that 88% of g3eQTLs could be identified from gQTLs. Similar results were obtained when the larger dataset of Bloom et al. (2015) was analyzed (Figure S2) . Together, these findings support the current practice in human genetics of using genes or QTLs known to have effects in at least one of the environments concerned as candidates in the study of G3E. The gQTL mapping method and G3E detection method developed here are expected to suit other similar large-scale studies of G3E. In our computer simulation, we found that both Storey and Tibshirani Q-value (Storey and Tibshirani 2003) and permutation Q-value (Doerge and Churchill 1996) underestimate the false discovery rate. This underestimation may be a general problem in linkage mapping of complex traits, suggesting the importance of using computer simulation to assess false discovery rates. We found that most G3E interactions are concordant, suggesting that the fitness landscapes in different environments examined are positively correlated, such that a mutation that is beneficial in one tested environment tends to be beneficial in other tested environments. Nevertheless, we detected a few environments with unusually high degrees of antagonistic G3E, such as those with trace minerals or heavy metals. Because we observed a negative correlation between the fraction of antagonistic g3eQTLs and environmental similarity, it is likely that these antagonism-rich environments are relatively dissimilar to the other environments examined. The antagonism-rich environments may also be rarely encountered by yeast in nature such that antagonism has not had chance to be resolved by natural selection. We did not attempt to verify the disparity in antagonism among environments using the data of Bloom et al. (2015) , because only 3 of the 11 environments in Figure 4 , C and D are included in this dataset. The fact that the extent of antagonism depends on the tested environments illustrates the importance in carefully choosing environments in testing the potential antagonism of beneficial mutations observed in experimental evolution (Ostrowski et al. 2005; Wenger et al. 2011; Bedhomme et al. 2012; Dillon et al. 2016) .
We observed that large-effect gQTLs identified in one environment are more likely than small-effect gQTLs to have antagonistic effects in another environment, reminiscent of the common belief and a prediction of Fisher's geometric model (Fisher 1930 ) that large-effect mutations are more likely than small-effect mutations to be deleterious. Our observation predicts that the prevalence of detected antagonism will decrease with the power of g3eQTL mapping, because, as the power increases, g3eQTLs of smaller and smaller effects are mapped. This prediction is confirmed by using the larger dataset from Bloom et al. (2015) , where the fraction of antagonistic g3eQTLs was found to be even lower ( Figure S3) . Note, however, that we studied growth rate, a primary component of fitness, in this work. For traits that are either unrelated to, or only loosely correlated with, fitness, antagonism patterns may be different because they are not subject to the same degree of natural selection.
We tested the enrichment of different functional sites of the yeast genome as well as different GO categories in g3eQTLs and gQTLs. We found that gQTLs are enriched with nonsynonymous SNPs, similar to the collective finding from human GWAS studies ). Relative to gQTLs, g3eQTLs are more likely to occur at intronic SNPs. We confirmed the enrichment of nonsynonymous SNPs in gQTLs and enrichment of intronic SNPs in g3eQTLs (Table S3 ) using the data from Bloom et al. (2015) . Concordant and antagonistic g3eQTLs also have different distributions among the three categories of coding SNPs, with concordant g3eQTLs enriched at nonsynonymous SNPs, and antagonistic g3eQTLs enriched at synonymous and nonsense SNPs. Data from Bloom et al. (2015) showed the same patterns, except that the distribution of nonsense SNPs were not significantly different between concordant and antagonistic g3eQTLs (Table S4 ). These results suggest a different molecular basis of concordant and antagonistic G3E. We also found g3eQTLs to be enriched in GO terms on ribosome and translation (Table 2) , which is potentially related to the aforementioned enrichment in introns, because introns are concentrated in ribosomal protein genes in yeast (Parenteau et al. 2011 ). The correlation between ribosomal protein gene expression and growth rate is well known (Mager and Planta 1991) , and the comparisons between gQTLs and g3eQTLs and between antagonistic and concordant g3eQTLs using the data from Bloom et al. (2015) suggest the possibility that intronic SNPs affect ribosomal protein gene expression, which potentially affects growth rate differently in different environments. Specifically, introns from four genes (TUB3, PFY1, RPL34B, and RPL40B) are found to harbor gQTLs. While concordant intronic g3eQTLs are found in all of the four genes, antagonistic intronic g3eQTLs are found only in the two ribosomal protein genes (RPL34B and RPL40B). Using the data of Bloom et al. (2015) , we found that 38 GO terms are enriched in gQTLs, while only one GO term is underrepresented, confirming that gQTLs are overall annotated with more functions than average SNPs. Our yeast data-based simulation of mixed environments revealed the importance of considering G3E in QTL mapping, and, by extension, association studies. Neglecting environmental heterogeneity in the data substantially reduces the number of QTLs identified and results in missing heritability. Many human genetic association studies ignore the fact that different individuals have different environments, and our results suggest that failure to account for environmental heterogeneity could be a primary reason underlying the missing heritability phenomenon. Another commonly cited cause of missing heritability is epistasis, or gene-by-gene interaction (G3G). But recent studies found that failure to consider G3G is not a primary cause of missing heritability (Bloom et al. 2013 (Bloom et al. , 2015 . In model organism studies, where the environment tends to be well controlled, missing heritability tends to be mild. But, in human GWAS, where environments are hard to control, missing heritability is severe (Eichler et al. 2010) . This contrast, coupled with our simulation results, suggests that missing heritability in human GWAS may be due primarily to ignoring environmental factors and/or G3E. We showed in our simulation that using very large samples could help identify more influential loci when compared with small samples of environmental homogeneity, but the "missing heritability" problem is exacerbated if enlarging a sample means increasing the environmental heterogeneity of the sample. Although it is impossible to have different human individuals living in exactly the same environment, even partially controlling environments helps identify disease-associated alleles. For example, in GWAS of type II diabetes, controlling for obesity in statistical analysis helps identify new disease-associated variants (Zeggini et al. 2008) . This kind of controlling of environmental/physiological factors will help identify new traitassociated genetic variants and reduce missing heritability. Notwithstanding, because classical estimation of heritability is minimally affected by environmental heterogeneity, while modern GWAS is subject to potentially high environmental heterogeneity, the "missing heritability" due to this difference may be considered fictional (Heckerman et al. 2016) . Better estimation of heritability by considering environmental heterogeneity will help gauge the true missing heritability in GWAS (Heckerman et al. 2016 ). The genomic distributions of gQTLs identified from phenotypes measured in one environment and those measured in two environments (50% segregants from each environment), respectively. Y-axis shows the fraction of phenotypic variance explained by the identified gQTLs under each mapping scheme. E effect, environmental effect. Without controlling E effect means that neither environmental effect nor G3E is considered in mapping. Controlling E effect means environmental effect but not G3E is considered in mapping. (B) Average faction of phenotypic variance explained by gQTLs (r 2 ) decreases as the phenotypic data used originate from more environments. The average narrow-sense heritability is 0.55. 2E, phenotypic data are from a mixture of two environments; 5E, phenotypic data are from a mixture of five environments; 10E, phenotypic data are from a mixture of 10 environments. Results are summarized from 100 random sets of 2, 5, and 10 environments, respectively. (C) Frequency distribution of the distance between gQTLs identified using mixed phenotypes from two environments and those identified using phenotypes from individual environments. The results are summarized from 100 random pairs of environments.
